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Abstract
Recently, various control models have been developed to optimize the performance of wave energy converters in order
to enhance their long term economic value. Among others, the control of the all-electric Power Take Oﬀ (PTO) has been
actively studied. This paper introduces the application of bio-inspired Ant Colony Optimization (ACO) metaheuristic
as decision support for real-time wave energy extraction. It is found that the performance of the proposed algorithm
is appealing as it is able to provide optimal parameter values to the control model within short interval. This provides
fast-tuning capability to the PTO while sparing suﬃcient time for the WEC to respond to the continuously changing sea
states.
c© 2012 Published by Elsevier Ltd. Selection and peer review under responsibility of Technoport and the Centre for
Renewable Energy
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1. Introduction
The control of Wave Energy Converters (WECs) has been extensively studied due to its potential in
enhancing their energy extraction capability. Some of the most notable literatures related to this topic
include [1, 2]. Higher attention was given to the control of the point absorber WECs due to its high power-
to-volume (or weight) ratio [3]. Generally, the control strategies applied to the point absorber WECs form
the basis of development for control strategies applied to the WECs in other form factor.
Despite the fact that many successful WEC control strategies have been developed based on the hydro-
dynamic calculations, less attention has been given on its electrical perspectives [4]. For example, real-time
decision support for the electrical systems at PTOs that enhances the performance of the implemented con-
trol strategies is not widely investigated. In view of this, substantial work is needed to develop robust tuning
and optimization methods for the electrical drive system, which responses to the changes in the ocean wave
attributes.
This work proposes an Ant Colony Optimization (ACO) metaheuristic (a subset of global optimization
algorithms) that provides decision support to the PTO’s controller in real-time. It is derived from the work
of [5, 6]. The algorithm is able to decide the optimal PTO parameters based on the instanteneous changes in
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the wave pattern (wave height, H and wave period, T ). The optimal PTO control parameters are calculated
based on a pre-deﬁned objective function. ACO was chosen as the control algorithm due to its capability to
search for optimal solutions (control parameters) based on its self-organized autonomous learning capability.
The idea to apply global optimization techniques on WECs is new but not inexistent. For example, the
Genetic Algorithm (GA) was used in [7] to tune the stiﬀness and damping of WECs, with the main objective
to achieve resonance in heave. Constraints were added to the method presented in [7] to prevent the heaving
point absorber to exceed its maximum amplitude. Further, several oﬄine optimization methods have been
used in [8, 9, 10]. It is also worth-mentioning that ACO were applied to optimize the controller used in
power converters [11].
The authors are not intended to demonstrate the superiority of the ACO over other conceptually similar
methods. Rather, the functionality of the ACO and its performance in tuning the PTO parameters in real-time
is the primary concern.
2. The WEC Control Model
The point absorber WEC (Figure 1) comprises a buoy with diameter, D = 5m, which is modeled as a
mass-spring-damper system. Apart from its high power-to-volumn ratio, the point absorber WEC is chosen
in this work due to the simplicity in developing its electrical system at later stage. The point absorber as
well exhibits good PTO performance due to its omnidirectional characteristics (being equally responsive to
waves from all directions) [12].
Fig. 1: The conceptual drawing of the point absorber WEC used in this work.
The point absorber WEC could be represented by the electrical analogy circuit as shown in Figure 2,
which is derived from the following steps:
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Fig. 2: Electrical analogy circuit for point absorber WECs.
2.1. The equation of motion
The equation of motion for a point absorber WEC is formulated as [13]:
(m + ma(ω))x¨ + B(ω)x˙ + S x = FE + FL (1)
where FE is the excitation force, FL is the force exerted by the PTO on the buoy, m is the mass of the point
absorber, ma(ω) is the frequency-dependent added mass caused by the oscillatory interaction between the
point absorber in heave and the ocean wave, B(ω) is the frequency-dependent damping resistance, S is the
stiﬀness of the point absorber WEC, and x represents the displacement of the point absorber WEC in heave.
The overhead dot [˙] in (1) denotes the time derivative operation.
2.2. The power equations
The average power, P¯ generated by a point absorber WEC could be formulated (based on the electrical
analogy circuit shown in Figure 2) as:
P¯ =
E2R
(R + RL)2 + (ωL + 1ωC ±
RL
√
1− cos2 φL
cos φL
)2
(2)
The cos φL is the load power factor:
cos φL = cos[tan−1(
XL
RL
)] (3)
The peak-to-average power ratio, k:
k =
cos φL + 1
cos φL
(4)
The peak power, Pˆ is therefore:
Pˆ = P¯(
cos φL + 1
cos φL
) (5)
2.3. Power constraints
During operation, the Pˆ generated by a point absorber WEC must not exceed the power saturation
limitations of the installed power electronics. Further, the k ratio should be kept as minimal as possible to
promote the economic use of the power electronics. The Pˆ used in this work is saturated at 50kW.
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3. Ant Colony Optimization
The ACO algorithm [14] (created by Marco Dorigo in 1990s) was inspired by the self-organizing and
collaborative stigmergy behavior of real ants. The ACO is now a well-accepted bio-inspired optimization
algorithm applied to several ﬁelds of engineering. This is attested by high number of publications on this
topic in recent years. The readers are directed to [14, 15] for a good fundamental overview of this algorithm.
The ACO algorithm used in this work is implemented as follows:
3.1. ACO initialization and pheromone update
The ACO implemented by the authors is a modiﬁed version of the Ant System (AS) algorithm [16]. The
binary encoding method (commonly found in GA) is used to represent the solutions generated by the ACO,
which converts a list of parameters into a binary string xp ∈ N = {1, 2, ..., xp,max} of length l = log2(xp,max)
as [17]:
xp = fg(xg) =
l−1∑
i=0
2i xg,i (6)
At the initial stage of implementation, a number of artiﬁcial ants explore the solution space (derived
from (2)) at random. The quality of each solution found by the ants is evaluated and the best solutions are
used to update a data structure known as artiﬁcial pheromone trails, τi j formulated as follows:
τi j ← (1 − ρ)τi j +
m∑
k=1
Δτki j (7)
with,
Δτki j =
{
Q/ fk(s) if solution j assigned to i
0 otherwise (8)
where ρ is the rate of evaporation of the artiﬁcial pheromone trails, m is the total number of ants used in the
algorithm, Q is a parameter used for tuning purposes, and fk(s) is the objective function value that denotes
the quality of the best solution found from the search.
The artiﬁcial pheromone trails are used to guide the state transition rules used by the ants to build
good solution quality. In this way, the ACO permits randomized initialization (exploratory search) prior to
convergence.
3.2. State transition rule
The random search proceeds until the best solution fails to be improved for a pre-speciﬁed number of
steps. At this stage, the search is regarded as stagnant and the ACO implements the search based on the
state-transition rule:
pki j =
⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
ταi jη
β
i j∑
ci j∈N(s) τ
α
ilη
β
il
if ci j ∈ N(s)
0 otherwise
(9)
where ηi j is the local heuristic information, α and β are parameters that control the relative importance
between the ηi j and τi j.
The binary encoding omits the use of ηi j in the search process, hence no priori (or calculated) information
on the quality of the solution component is needed by the ants as compared with the conventional ACO. The
ants make the decisions based on τi j. α and β are removed from the equation based on the similar reason.
Therefore:
pki j =
⎧⎪⎪⎪⎨⎪⎪⎪⎩
τi j∑
ci j∈N(s) τil
if ci j ∈ N(s)
0 otherwise
(10)
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Fig. 3: Distribution P¯ in the solution space with input wave, (a) H=0.5m and T=6s, (b) H=0.5m and T=12s.
The blue region represents P¯ values with k < 3, the green region represents P¯ values with 3 ≤ k¯ < 4, and
the red region shows the P¯ values with 4 ≤ k¯ < 5.
Table 1: Parameters used in the electrical analogy circuit.
Parameters Electrical equivalent Values applied
Exitation force, FE Source voltage, E [V] 289,400
Buoy mass, m Inductance, L [H] 268,340
Added mass, ma Inductance, L [H] 202,700
Total mass, M Inductance, L [H] 471,040
Spring stiﬀness, S Inverse capacitance, 1/C [F−1] 789,740
Damping, B Resistance, R [Ω] 57,400
4. Optimization and Numerical Results
The P¯ derived from the point absorber WEC is known to be changing with the alternating pattern of the
sea state [5, 6]. In this work, regular (sinusoidal) ocean wave pattern is used. The values of P¯ under the
inﬂuence of diﬀerent sea states are shown in Figure 3a and 3b. Note the apparent skew of the surface as
observed from the RL’s axis and the redistribution of that surface as seen from the cos φL’s axis. The surface
represents the solution space and the optimal point for P¯ (maximum P¯ that doesn’t violate the 50kW power
saturation) is therefore, ‘moving’ following the redistribution of the solution space.
The objective of this work is therefore, to create an optimization algorithm that is able to respond to
such changes within acceptably short interval. Further, it should suggest optimal control parameters with
good solution quality (RL and cos φL) to the PTO. This provides suﬃcient time for the point absorber WEC
to achieve resonance in heave with the ocean wave, as well as the time needed to achieve transient stability.
The parameters used in the WEC model is given in Table 1.
Through computer simulation, the authors found that the full enumeration of the P¯ values (based on all
combination of RL (from 0 to 1,000,000) and cos φL (from 0 to 1)) with input wave: H = 0.5m and T = 9s
requries a total run-time of 5.7s. The following optimal solutions were found: i.) P¯ = 25kW, ii.) Pˆ = 50kW,
and iii.) k = 2.0. Assumably, the total time needed for making the decision would be considerably high
(accounts for 63.3%) as compared with the wave period, T if the similar computing platform is deployed
in the operation of point absorber WECs. In other words, less time is given for point absorber WECs to
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achieve the resonance in heave.
The sample data generated by the ACO algorithm is shown in Figure 4 and Figure 5. This computation
consumes 0.044s, which is substantially shorter than the full enumeration. The ACO suggests the following
optimal parameters: cos φL=0.9450 and RL=383,129.30Ω to achieve P¯=24.18kW, k=2.05, and Pˆ=47.68kW.
The solutions found by the ACO are listed in Table 2.
Fig. 4: Sample P¯ and k generated by the algorithm after 300 steps of implementation with input wave
H=0.5m and T=9s within 0.044s.
Fig. 5: Sample Pˆ generated by the algorithm corresponse to output shown in Figure 4.
The results are appealing as they produce 96.72% of the P¯ value compared with the optimum P¯ calcu-
lated from the full enumeration. The 3.28% deviation is acceptable as higher priority is given to the speed
of PTO’s response. Such devition is inevitable as ACO is an approximation method that ﬁnds good solution
to an optimization problem within reasonable time. Furthermore, the 3.28% deviation is marginal.
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Table 2: Solutions found ACO in 0.044sec
Step cos φL RL[Ω] P¯[kW] k Pˆ[kW]
1 0.2549 704,182.96 7.02 4.92 34.50
3 0.3607 834,842.60 12.86 3.77 48.50
37 0.3960 927,429.16 13.50 3.52 47.60
44 0.9019 244,810.69 17.71 2.10 37.35
116 0.7764 240,959.28 21.38 2.28 48.93
206 0.9764 427,402.22 23.55 2.02 47.68
232 0.9450 383,129.30 24.18 2.05 49.78
5. Conclusions
This paper described an approach to optimize the electric PTO for point absorber WECs based on the
ACO metaheuristic. The proposed method produces good tuning parameters in short time. The signiﬁcant
reduction in the required computation time is valuable as it allows the WEC to achieve resonance in heave
(oscillation) with ocean waves. This is helpful to the control of the WEC although ACO itself does not
guarantee the point absorber will achieve the resonance in heave.
The authors therefore suggest that ACO is able to serve the needs if the objective function is known.
This method is more suitable in the real sea compared with constrained optimization methods (such as
Lagrange multiplier) due to the ACO’s capability to search the continuously alternating solution space in
self-organizing manner.
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